Abstract -In this study, automatic detection of stator winding inter-turn short circuit fault (SWISCFs) in surface-mounted permanent magnet synchronous motors (SPMSMs) and automatic classification of fault severity via a pattern recognition system (PRS) are presented. In the case of a stator short circuit fault, performance losses become an important issue for SPMSMs. To detect stator winding short circuit faults automatically and to estimate the severity of the fault, an artificial neural network (ANN)-based PRS was used. It was found that the amplitude of the third harmonic of the current was the most distinctive characteristic for detecting the short circuit fault ratio of the SPMSM. To validate the proposed method, both simulation results and experimental results are presented.
Introduction
Surface-mounted permanent magnet synchronous motors (SPMSMs) have many advantages, such as high efficiency, high power-volume ratio, and high torque, as well as sensitive and robust control opportunities. Due to these advantages, SPMSMs are one of the most preferred motor types in fields such as weapon systems, industry, medicine, and spacecraft. As with all rotary motors, the operating life of SPMSMs depends on the absence of faults. It is important to be able to detect a fault at an early stage in terms of system sustainability and the motor's operating life.
Motor faults are one of the most important factors that affect the performance of a working system. It is important in terms of system sustainability to detect and fix motor faults in the early period. A late intervention may cause irreversible economic losses and health and safety problems. Such economic losses can be avoided by estimating possible results with the aid of early fault diagnostics.
Generally, motor faults are classified as mechanical or electrical. Mechanical faults are related to problems such as bearings, bolt loosening, gearbox and lubrication. Electrical faults are related to failures involving stator winding short circuits, broken rotor bars, phase-to-ground short circuits, wrong connection of windings, wrong or unstable grounds, and open circuits [1] [2] [3] [4] .
In this study, stator winding inter-turn short circuit fault (SWISCFs), which correspond to 30-40% of the faults observed in electrical machines, were analysed [2] [3] [4] [5] [6] [7] . Usually, this fault occurs because windings overheat due to electrical and mechanical stress and overloading [8] [9] [10] . A short circuit current with a high amplitude occurs in part of the winding as a result of the coexistence of inter-turn short circuits with a specified number of turns. In addition, an imbalance occurs in the inductance of the winding as a result of the short circuit.
There are many studies of stator winding faults in electrical motors [2] [3] [4] [5] . Motor current signature analysis (MCSA) was used by Thomson et al. [11] to detect faults in induction motors. Usually, MCSA is an efficient condition-monitoring method for detecting short circuit winding faults, broken rotor bars, eccentricity, and other mechanical faults [11] . The superior features of the MCSA method are that it is unaffected by loading and other imbalanced situations and that the harmonic components that result from electrical and mechanical faults become more visible [12, 13] . An inter-turn short circuit fault is the most important fault type [14] . There are several fault detection methods for inter-turn short circuit faults, using current, voltage, axial flux, and d-q component analyses [15, 16] .
Most engineering designs are realised after being tested via experimental studies. From this point of view, fault detection is a special engineering task. Generally, it can be expensive and dangerous to perform optimum experimental studies to analyse the performance of machines under extreme fault conditions during the machine design period. Moreover, it may be impossible to apply some fault conditions to a real system. Thus, it is important to develop computer simulations of such fault conditions by mathematical modelling to better understand the dynamic behaviour of the system in these fault situations [17] [18] [19] [20] [21] [22] . Using a dynamic PMSM model, the PMSM fault can be analysed by simulation and short fault detection rules can be developed readily. Finite element method simulations with electrical circuits have been conducted for a PMSM [23, 24] . In Ref. [25] , a mathematical machine model was developed that allowed the effects of stator winding interturn faults to be studied. Simulation and experimental studies have shown that the natural stator current harmonics due to eccentricities, non-sinusoidal stator winding configuration, and rotor construction were affected by short circuits [25] .
In the literature, some studies have claimed that SWISCFs in PMSMs can be detected using only the 5 th harmonic or both the 5 th and 7 th harmonics of the phase current spectrum [26, 27] , while other studies assert that these faults can be detected using only the 9 th harmonic [28] . Ebrahimi et al. reported that SWISCFs in PMSMs can be detected using 0.25, 0.75, 1.25, 1.75, and 2.25 harmonics of the phase current spectrum after experimental study and computer simulation [29] . Wu et al. asserted that SWISCFs in electric induction motors can be detected using the 3 rd harmonic of the phase current [30] here, the authors reported that the fault caused an imbalance in the phase windings. A difference between the 3 rd harmonic of the phase current of healthy and faulty induction motors was observed as a result of the imbalance [30] . In another study [31] , SWISCFs in PMSMs were detected using not only the 5 th , 7 th , and 9 th harmonics but also the 3 rd harmonics of the phase current spectrum, depending on the winding configuration of the motor. However, to our knowledge, no study or method has identified the means to automatically detect both the SWISCF and the severity of that fault. The main objective of this study was to detect short circuit fault severities and to automatically classify these fault severities via a pattern recognition system (PRS). Short circuit faults with 2%, 12.5% and 25% ratios in phase a of the motor model were generated via a simulation model that could be adjusted with respect to fault severity. Similar conditions to the simulation model were also provided in the experimental set-up. For that purpose, three identical motors with different short circuit ratios of 2%, 12.5%, and 25% in phase a of their stator windings were designed and produced. The spectra of the phase current signals were analysed using FFT (Fast Fourier Transform) the 3 rd harmonic of the stator current was the most efficient distinguishing characteristic feature for stator fault detection. Thus, the 3 rd harmonic amplitudes of the stator phase current signals were used as the training set for an artificial neural network (ANN)-based PRS. Simulation and experimental results for different fault severities at different load levels and speeds are presented.
Mathematical Model of SPMSM with a Stator Winding Inter-Turn Short Circuit Fault
A simulation model of the SPMSM in Matlab/Simulink was developed using mathematical models with the intention of analysing the dynamic behaviour of the SPMSM in the case of a stator winding inter-turn short circuit fault. Many models for the detection of SWISCFs in AC (Alternating Current) machines have been proposed [32, 33] . Nevertheless, harmonics analysis has not been emphasised in most models. Fig. 1 shows the circuit and phase diagram of the SPMSM where phase a of its starconnected stator has n short circuit turns, and all of the other phases have N turns. The mathematical equations that describe the impact of the short circuit fault over the faulty phase of the SPMSM; the impact of the faulty phase over the other phases are shown below. The ratio between the number of short-circuited turns n and the total number of turns N in a certain phase defines the fault severity, ϑ = n/N. It is necessary to design the motor as if it was a fourphase model, because the number of short-circuited turns n functions as a separate phase for this fault type and the fault current i f passes through the n short-circuited turns. Resistance, represented as R f , which models the insulation fault, also occurs in the short circuited turn [26] . In addition to this, the R f value depends on the fault severity. Lower values of R f indicate a more severe inter-turn shortcircuit fault condition. The three-phase (abc) state-space equations of voltages of the healthy SPMSM can be written as , , ,
.
In Eq. (1), V s , i s , λ s, and R sh represent the stator threephase voltage matrix, the stator phase currents, the stator three-phase magnetic flux matrix, and the stator winding resistance matrix of the healthy motor, respectively.
The stator phase voltage and current matrices are represented as
The stator winding resistance matrix is
The stator three phase magnetic flux matrix is expressed as follows: 
Eq. (4) 
The state space equations of the SPMSM, which have a SWISCF in the three phase abc reference frame, can be written as sf,abc sf sf,abc sf,abc 0
In these equations, the stator phase voltage matrix of the faulty motor is 
and the zero-sequence voltage matrix of the faulty motor is 0 0
The expanded forms of these matrices are given below:
The voltage V 0 can be expressed as follows [25] :
In this equation, k=R f /R s ; the average permanent magnet flux is represented as λ PM,0 , calculated as follows:
Given the three-phase abc reference frame of the SPMSM, the dq reference frame of the motor was derived using Park's transformation. Speed control was applied in this way because the vector-controlled model of the SPMSM was used in the simulation. The dq reference frame is fixed to the rotor, with the positive d-axis aligned with the magnet flux vector. The positive q-axis is defined as leading the positive d-axis by π/2. Park's transform allows converting magnitudes from the three-phase abc reference frame to the rotor-fixed dq frame using F dq0f = T dq0f ・F abcf , with T dq0f being the Park transformation matrix. The inverse of Park's transformation allows converting magnitudes from the rotor-fixed dq reference frame to the three-phase abc reference frame. The inverse transformation is given by F abcf = T dq0f -1 ・F dq0f , with T dq0f -1 being the inverse of Park's transformation matrix.
Equations (10) and (11) show adaptations of these matrices to accommodate faulty conditions; healthy and faulty models of the motor were generated, respectively. Fig. 2 shows the simulation model generated in Matlab/Simulink. In this model, the current data of three faulty SPMSMs, each with a different short circuit ratio (2%, 12.5%, and 25%) and a healthy one, were acquired under various speed and load conditions; the spectra of these data were analysed using FFT. Both 100 healthy and 100 faulty current data were recorded from phase a with 25%, 50%, 75%, 100%, and 110% load ratios at a 6-kHz sampling frequency for 2 s from 600 to 2000 rpm via a vector-controlled SPMSM drive. Thus, all of the current harmonic components, up to a frequency of 3 kHz, were observed at 0.5-Hz resolution. Under faulty conditions, the amplitude of the 3 rd harmonic of the current increased as the severity of the fault increased. Also, the amplitude of the 3 rd harmonic current signal was close to zero for the healthy case. The simulation results showed that by analysing changes in the 3 rd harmonic of the stator phase current, a stator short circuit fault in the SPMSM could be detected.
A report in the literature previously asserted that change can be observed in the 3 rd harmonic of the current spectrum in the condition of a stator winding inter-turn short circuit phase fault in a SPMSM, depending on the winding configuration [31] . However, there has been no reported study of the use of an automatic pattern recognition system (PRS) to take advantage of the amplitude of the 3 rd harmonic of the stator phase current to detect fault existence and severity. In [31] , the authors claimed that the 3 rd harmonic of the phase current could be used to detect a fault for a specified speed under a fixed load. Current study showed that the amplitude of the 3 rd harmonic of the stator phase current was the most deterministic feature for detecting a fault over a broad range of speeds and loads. Detecting faults, not by looking at current spectra but through automatic computer algorithms, provides a great advantage to users.
In this study, the spectra of the current signals acquired from three different motors operating at a constant speed and load, with different ratios of stator short circuit turn faults, were compared. It was observed that the amplitude of the 3 rd harmonic from the current spectra increased in direct proportion to the fault severity, whereas the amplitude of the fundamental harmonic showed no change (Fig. 3) .
This comparison is provided in Table 1 harmonic of the current is the most deterministic feature for detecting the existence and severity of the fault. Thus, not only the fault's existence but also the fault's severity can be detected automatically.
Experimental Detection of a Stator Winding Inter-Turn Short Circuit Fault in a SPMSM
In the previous section, the data acquired by the generated simulation model showed that the detection of the SWISCF can be performed using the stator phase current spectrum. In this section, fault detection was performed by comparing the faulty phase currents from a motor whose fault severity was known with the phase currents of a healthy equivalent of the same motors. The experimental set-up for the detection of SWISCF in a SPMSM and the results of this set-up have been explained. Three identical three-phase, 3-Nm/1-kW SPMSMs with 280 turns were fabricated with short circuit ratios of 2, 12.5, and 25%. The motors were designed such that both healthy and faulty signals could be acquired depending on the configuration. LA 55-P model current transducers were used for current measurements. Real-time stator current data were acquired and recorded using the analogue input ports of the NI 6341 DAQ system at 6 kHz.
SPMSM stator phase currents were recorded at a 6-kHz sampling frequency during 12 s in the range of 600-2000 rpm speed for unloaded, 25% loaded, half loaded, fully loaded, and overloaded cases.
In total, 198 current signals, 99 healthy and 99 faulty ones, were recorded from phase a, starting with the motor that has a short circuit ratio of 25%. Because the short circuit fault rate is high, the need for additional signal recording did not arise. Second, 260 signals, 130 healthy and 130 faulty ones, were recorded from a motor with a short circuit ratio of 12.5%. Finally, 316 signals, 158 healthy and 158 faulty ones, were recorded from the motor with the lowest short circuit ratio of 2%. It is important, in terms of increasing sensitivity and accuracy, to record a greater number of signals, because it is harder to detect faults as the short circuit ratio decreases. All of the recorded signals were processed and saved into files via a program written in Matlab.
This algorithm generates a matrix in which each column is composed of the current spectra found by successively applying FFT to each of the signals. The algorithm then finds frequency points corresponding to the 3 rd harmonics of the signals in the file and saves these amplitudes to another file. The algorithm is shown schematically in Fig.  4 . A comparison of the current spectra acquired from the healthy and faulty motors for different ratios of stator short circuit turn faults is shown in Fig. 5 . The results show that the amplitude of the 3 rd harmonic acquired from the current Fig. 3 . Current spectra of the SPMSM: (a) healthy motor, (b) a 2% short circuit ratio, (c) a 12.5% short circuit ratio, and (d) a 25% short circuit ratio. spectrum increases in direct proportion to the fault severity. This comparison is given in Table 2 in detail.
Detection of a Stator Winding Inter-Turn Short Circuit Fault of a SPMSM and Automatic Classification of Fault Severity via PRS
Pattern recognition is involved in a wide range of activities in fields such as science, engineering, and daily life. The essence of human pattern recognition is learning based on previous experiences. Thus, people have the ability to evaluate pattern recognition events that they encounter in practice with the help of their experiences. People desire that the machines carry out these tasks better, more cheaply, more quickly, and automatically even if people can perform most of these tasks very well. Pattern recognition is a multidimensional engineering discipline to realise 'smart' machines that can learn [34] . The pattern recognition concept can be defined as to identify or classify complex signal samples or objects that have common features among them and can be associated with each other via some determined features or characteristics. In this respect, the most important aims of pattern recognition are modelling unknown pattern classes and diagnosing a pattern belonging to a known class [34] .
The PRS consists of three basic steps: feature extraction, feature selection, and classification. The feature extraction step is the process in which a variety of transformation techniques are used to extract features that characterise the raw pattern acquired via electronic sensors. The feature selection step is a process in which the most characteristic features are determined after feature extraction. The classification step is the process by which the class of the pattern is determined using the features selected at the end of the feature selection step with the help of a classifier. An ANN-based PRS has been used to detect the existence of faults and the level of fault severity. In this system, the amplitude of the 3 rd harmonic was determined as the distinguishing feature of the signal and was applied to the ANN as an input. The scaled conjugate gradient method was used as the training function and 80%, 10%, and 10% of the current data that were recorded from the motors with different short circuit ratios were used for training, testing, and validation, respectively. The ANN was composed of 20 hidden layers to determine the accuracy ratio of faulty signal classification. One measure of how well a neural network fits the data is the confusion plot. Fig. 6 shows a confusion matrix plot of the percentages of correct and incorrect classifications for the samples. Correct classifications correspond to the light blue squares on the matrix diagonal; incorrect classifications are indicated by the green squares.
The matrix also shows the accuracy of the classifier as the percentage of correctly classified patterns in a given class divided by the total number of patterns in that class. The overall (average) accuracy of the classifier is also evaluated using the confusion matrix.
In Fig. 6(a) , the accuracy of fault detection for the motor that had a 2% short circuit ratio in its single phase was 95.1% via PRS. Here, for 14 of the 316 signals recorded from the motor, it could not be determined whether they were healthy or faulty. In Fig. 6(b) , the accuracy of fault detection for the motor with a 12.5% short circuit ratio was 96.9% via PRS. Here, for 8 of the 260 signals recorded from this motor, it could not be determined whether or not they were faulty. As shown in Fig. 6(c) , the accuracy of fault detection for the motor with a 25% short circuit ratio in its single phase was 99% via PRS. For 2 of the 198 signals recorded from this motor, it could not be determined whether or not they were healthy or faulty. The algorithm presented can also automatically detect the short circuit turn ratio of faulty motors. For that, the PRS exploits the difference between the amplitudes of the 3 rd harmonics of the phase current spectra. The fault severity ratio of the faulty motor could be detected with 90.3% accuracy ( Fig. 6(d) ). Thus, the ratio of fault severity can be estimated automatically.
Conclusions
Motor faults in systems that are required to operate continuously can cause the entire system to stop, leading to . PRS accuracy rate with (a) a 2% short circuit ratio; (b) a 12.5% short circuit ratio; (c) a 25% short circuit ratio, and (d) different short circuit ratios large workforce and economic losses. The motors may become completely incapable of working as a result of the fault. In this research, we studied the effects of SWISCFs, one of the most frequently encountered faults, in SPMSMs, to develop the means to automatically detect such faults and classify fault severity. The simulation and experimental results supported each other. The amplitude of the 3 rd harmonic of the current was the most effective distinguishing feature for detecting the short circuit fault ratio of SPMSMs. Fault detection for motors that had different fault ratios could be performed automatically with over 95% accuracy via the fault detection method developed as a result of the experimental studies. This success rate seems to be satisfactory for the detection of stator short circuit faults in SPMSMs. The stator winding inter-turn short circuit ratio can also be estimated with high accuracy using the method developed. That is, the fault severity of the SPMSM can be classified automatically.
These features increase the usability of the method presented. The availability of automatic systems to detect fault existence and severity will help to mitigate time and economic losses, and provides the opportunity to take precautions before the fault worsens.
